Computer Science and Application HEHLEI 5 R, 2022, 12(3), 554-564 Hans Y
Published Online March 2022 in Hans. http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2022.123056

sl E AR SN A

w R
R TR, TR TN

o

ks H . 202242 A 12H; FHBEM: 20224F3A8H; KA HM: 20224F3415H

B

BUEIRNBLEZIN—ANEENL, BATERBIEH— KRBT F3CHRET LR RRFEE
ERRALEI AR, WmibEIEARERETHMT, B TRLEZINER, NP RERHE R
TR CENER A BRI T RS S ERIR R /PR K J7 ik (actor-critic), FRTT T # % PSR E
BREEDT ¥ (DPG) KT IR . SCET T I JLAECR R I RIXUE IR IR A 2 1 SRUE BB L (TD3) £ X 5 ¥ . L&
BIL T BLR BOaRAL A I RIBT 9T 07 [ 55 S0 B U7 k. SCESRUE T RAILESTHINL A, BB BU oAb 22 59 R A 43
B SRR ST AT DAL B 1R AR DL K 5 AL 2 ST B Bk R SE T T Ak 2 ST, AT T 946 2R ST IR A B

IR RFRE SRITIAREAT T T -
XA

ATHERE, wiES, =i, NA

Theoretical and Applied Research on
Reinforcement Learning Methods

Chen Lin

School of Mathematics, South China University of Technology, Guangzhou Guangdong

Received: Feb. 12", 2022; accepted: Mar. 8", 2022; published: Mar. 15", 2022

Abstract

Reinforcement Learning is an important branch of machine learning and a major development di-
rection in the field of artificial intelligence. The article discusses the basic framework of Rein-
forcement Learning based on Markov Decision Process. The article analyzes the basic model,
points out the goals and disassembles the theoretical derivation of Reinforcement Learning. The
article analyzes actor-critic method from a theoretical perspective which is the basis of Deep
Reinforcement Learning and talks about the insight of Deterministic Policy Gradient method. The

EF|I M R SR I TRE IS S M AB D] THEAURE SR, 2022, 12(3): 554-564.
DOI: 10.12677/csa.2022.123056


http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2022.123056
https://doi.org/10.12677/csa.2022.123056
http://www.hanspub.org

MR

article analyzes Twin Delayed Deep Deterministic policy gradient method that works well in re-
cent years. The article studies the current research direction and typical methods of Reinforce-
ment Learning. The article focuses on the application of Reinforcement Learning and analyzes the
uses of Reinforcement Learning from an application perspective of Reinforcement Learning,
problems that Reinforcement Learning can solve and the challenges that Reinforcement Learning
faces. The article finally analyzes the application status of Reinforcement Learning and predicts
the future of Reinforcement Learning.
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TD3 {4 F5+& “Twin Delayed Deep Deterministic policy gradient algorithm” , &3 & (Addressing
function approximation error in actor-critic methods) [S]H #7772, & — P aF N HEBCA T IZ R B 5
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T SR VR Z 5 R R I A TR 22 ) et - TD3 K A R RV K5 VE R I E R
Hy=r+ymax, Q(s,a') ZHX Q >, R HARA RN M EA:
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MRAE LG EE L, TD3 Jiidnl F-T gk 2 A (s il il A, 7EALAR A3, V- R Bh bk 45 7 i #v] LA
NiFH

5. BLE IR EHk

DOI: 10.12677/csa.2022.123056 559 MR 5 R


https://doi.org/10.12677/csa.2022.123056

ZZS

I SCVEA AT 1 9l AR AR rh O R M T735 o AR 23 BE R SR I AR DR A 2 2] U BB
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5.1. AIRRREMLE S

A ff B g Ak 2% ) (Explainable Reinforcement Learning) & i® ik % > M HF 7 77 171, €8 Tl i A
T. %4 f&(Explainable Artificial Intelligence) 3. sk b, M= ] BA “BE” MR, B AR
22 ) 1) I AS 5 TR P A 25 WX 2% (Deep Neural Network) sk, AITEIAR TP I @ 55, % E
FINEK O RN S N BV EESAH, AL “RBa” RN RAEN. T #
PN, AR N TR e A T . ATARRE N TR RE B 70K “ M MLas s )i TR 2E T, 1B
UEAS PR A8 27 ) S nTAS AT Ve S vl M o TSk 2% SIAE ML A 2 S By 30, 74 T nl e sk
5 STAHRAIF AT

A 2021 FFILER SCE [6] R GuPE T T AR vl AR Bk 27 ST I FU R, , 0 AR SR AT ff B A5 ST 1)
R T A AT T .

BRI TR SR 2 1 25T J5 I FC . 45 2020 S 1A SCEE [ 714 H 7 A FH DR SRABE AR f 45 b JE A AL s 4L,
)T EEAT D R AR RS, A GRS VBN A ORI AR AT A . 53— 2020 R SCE B4 H T AN
FIZERE, IZAESE IR TR Re R 5 PR 005 TR RRAIEL . 70 W R e A RO R 1Y) 0 3% AN T A e 28 BB AR AT 9
TR BT N SRIEA B VAR o) 2 BT SRS IX — S P R[9S A T YIRS IR SRR R AT A
%7 A% G4 £ 9 2% (Recurrent Neural Network) 2= > B2 5%, 48 Bhok S $2 mvEmfi v . 25 S E[10]
g T H A ERN S, Al SR E A 0 AR T R IO R R R SRR T R, AR R AT AR
KT iR ST B AT AR R, A SO (L1 FH MR SR AR 87 FH SN 2 2] BINLES ANAT N EAT iR, XL
BNRIEAT N A BT IRIE
5.2. FHIEEELES

FI #8155 Ab P (Natural Language Processing) e ifroE A S8k M0k e il 4,  Horb B v i Ju 28 iy DR L g
FEAK N [A) 0 [ 9 B 15 BT R A S5 T 7 B ARE S AL EERE Ty S B HO N T2 B AR 2
Transformer 2244, XANZEK)E 2017 I SCFE[L2]H 32 H 1. #4 Transformer 2 FHLAL A HEAT 38 2 4 46
L s g A A e I =S W (PSS AR N S R (TR i P OB a1 Ks: 4 =

H 2020 FERISCFE[ISISIUE T 1E5RIL 2% S 35 p Transformer 5262840 2 X DA ALY, SCRE 3R H T
XS ERAG Transformer ZEHIEAT T1B 2, RS 7 HAR G A )Mz . BT ATAR 7L, 2021 R
N GE— R SCE [14] 2 th TR R s, B A 2% ) 45 o0 e 51 i B 2%, {5 B) Transformer 22
FIXPIRAS . BIE RhSEHAT KRR, FEERBY 2T bR &R =) DL B 2R s Ab 2 ) 453 X
27 BIFRCR. %5 2021 4RI B [15] K IEME DL Transformer 2244, #2H1 T Decision Transformer 224,
ZITEAE SEER BUR Ty TR B BRI T e Sk i T B A sk 7 21 v

53. HAFIABESEHBULES

s ST ZRIEH 2 TEREATT IR 10, HBWRE 2D P R, JRATERT st =2 >
SRR, PR SRALSE SIRAEFEA R R R+ B ST IRTIFEART RN E N, TR
LIER

2021 SFHISCE[IG1EF AR R IR M T — R S BRI R ST T R, SCERE TR e
CHLES SR 2 STHEZE, FFRE 2 B2 T B 2% I B2 AT 55 S B 17 s 1 il SRS PR R 1) F A 5 — s 2021
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SRR SC R [17 1458 FH AR PR 10 AR SR T 2R g AL 25 5 0 50 AT S0 LASL R T AN R 555 1205 8K T Ba )
715 50 B H bR AR i Ak 2% ST A 7 1R DA RE AP R AR AR . A SCEE [18] 40 B 1 ik A3 Hio s 18 558 5 v (1 i
B, 51N T — b L K4 1 55 (Soft Data Augmentation, SODA) /7% SC & HH R 75 VR g il 2% F AR 20 0
H b B A3 A A | 3 SR O 1 R R 2 RN LA 2

6. BMUWEINAS
6.1. SEBUFEIEHIEL

SERAY 2 S BT AR BT AR, W7 — R R BRI, W WS AR Gym,
CopellaSim. Pybullet %% .

Gym S f) 2 B 542 STIRAE S, ZHEZE N Openai HIBAHIPERT, Gym FAEE[19]6L4E T &
02 2T I B a0 Atari JExRIIRIASE, MudoCo AL NIHAIA IS . Gym MBS FFIEIAEE, f2imib s
SV RN — PRI IE S . AP 1 Atari R IR 32 2 4R SRR A, — Mt E BRI H AR
MuJoCo HL#E NMHAFREE EL ML 28 N BRI Bl L B AU AP S5454

CoppeliaSim J& % [ TANLAF A G S50 L A HE TR UES, ENLS NSUEH — e M, nldk7iE
M 2 R SRR AR, DAY Gym 1 MuJoCo M35 B N & 44

Pybullet Jy 772540 LAR A3 b A DG TR B oA 2 ST SR O AE SR, SRR T R4 AT Gym M5
CoppeliaSim ¥4 2 8]

6.2. 3@ S REALIRAYEIRE

RN SR A 2 3] 7 40 TD3 AT LS T2 2% (E SR 2 1A A, H— R o, 9 2 ST S5 wehis B i)
FBR AR AL, 75 B4R H B A ) sk 2% 3] 7 VA BB Ak 2 ) 5 HABA L 88 5 ) AT Rl A . SRk
SOIRERZ AR, R .

Gym HEZE T FUAS [FI R85 2 5 Ak 2 ST BE AL FR A ) AL 5k 2 ST AR IR L Gym, & Fh LRl e 5
40 actor-critic 5%, DPG HIASE L 23T Gym [MUFEARIRSE WA i) @, /N7 bl (e 8, P48 ) 0 e ik
AT R IGAIE o I B0 TD3 5532 B FH SR8 Atari i %%, Mujoco HLEE AR SEEAT 0] HE SE5G

B AR AL 2 2] BEAR UL o Sk 2% ) e AL PRI e 40 3L 0] s 76 BT . DeepMind 7t 78 A1 BAFE 7
HZ AW, AlphaGo & HWhA, 2 JENH#H T AlphaGo Zero 5 Alphazero, 4% H i &cH 5 2]
#& Mu-zero J77%[20]. Mu-zero J5 % HIHRE SR A BE 5E OB A 5 T H T AlphaZero I BE LT3R, HAETEN
B Atari Wik 7 A RHECR . 58 AR T RO R R S ik [21], SR~
EWEEEBRME ML, YIZRERACH R 4T

HLAS N UL SR ) TR R AR, X 32 B T3 ST I R e (. 9k 2 I TR AN
FRAESE, XA ST A B O BRI T R 1. W — v, s ) R EM R IR R K
], X SHLEE RIS A MR AL e T HLEE NS R T, F A R B8 S 1 BT 439E . 2019
SRR TR (22000 IS Hh R HE PRI AT N5 e AT 3T, e G 2 A2 DA T P R0 A ) el ) 1 A DL e
A LU S ST O ) e R R 43, S SR ARG S SRR JE I . ST LA N TFHR AR
SEJTI, 2022 SERSORT T IT [23] 38 T BN e Rk 22 ST AR Bh 7, B 5E BUbR EAT 55 o

H 3025 B ATk SR L2 ) T — MR TS e — RS 2021 4EMLER SCFE[24] RGAUR T IRFE sk 2
SIRECAEN AN AT, 58T T I BRI SR R o Bkg . BRBIN L, 5 2021 4
ISCE[25)3 1w b ) 5 W B 2 S 5 B 70, TR S R AT iy, 5 R4 I 2% (Graph
Neural Network) %t AS Al 2240 A ELEUMA R, IXFITihAE T RS X VEREAR T ek k. 5 0 [26]41
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Y — i R R R AL A 21 Tk, TSI NSRRI, JRAESISE RT3 R A I RCR
6.3. SEMEFE APk

SR SN VO, BUERUE AR e, B EW. (EaRibs ) 207 kR, SRR
AR HARMEAER . T AFEA M S 22 55 0]

AN LB SO R T s Ak 2 20 1 22 Rk .

I BB AR AR FE T 5200, X e — PR AT S BR S /R A 5k e s 72 (Finite Markov Decision
Process, FMDP)[fi k3 555 . FTiEIEARRF & FMDP I f2, $8102 B R AAE E— i 4 ar— w2 H LRI,
HFEF RS R R Bz, BakEkS5h Bk, XFERBIEE RGN HaiEir, EiE
SRR, BRI EHATIRIE R S L g3 7 2, XA IR eV A0EE E— i s S e E
EZ Ja AT A B LR AR L T Atari WiER B LS S 4E R T, (HUR TN A B BB )
JRSEARKT KA 300 FP, X ST E KM R S B KR RS ARSI K . T L SR ) B2 ek
SERNA TS, MR AR R B AU 2 225 .

ST I [ i e T B BRI R AT IAE (R A e 7 2 32 B R A S A i P B AT SRS . B L
JEAE Github EJFJEIEET Openai ff] gym JEf) Mario-bros ¥RI. fRi B ik, %80T T 5 4 w3k 4T
b, FRid TAE R REAR S WSS A, R R EN 2 SRS TR E L. B AR B T R AR
AT T IE AR, — R KAE =T N S8 — IR o IXFEAR™ A 7 el i o e dRATTHE DA 31 i
HIEER R EOE S, FEA JEARIE R I A XA R AE s FER B Ui RIE 7, (HARLE
T—MAB ORI TR E A /D 40000 VIR IR S ) SERSRAE, FETRBT SRR K. FsE b, SREEFESR TR
SRR, R IET RN REA L, WUl GPU BRI AR AR 1.

55 T8 Rt LG 0 BEIRRL, D R R st e R B MR 2 — 7 T LR RS 4w LI, st 2 fully observed MDP,
KRR TR, BERTHT,  HOXJE ™ 2 I /R T RS A2 5 — 5 T B B B 2828 B AR Rk
FAEE R, B D B BERIFE FRFE R, BRibz 4b, 5 B BRI TR IR AER, B
Ky s, EFE e s, o R BRI M APIRE T T UL, Bk R RR PR 52
ANFTRIE] o

I BB S LT L, FRATTANHER H A R — AN S 2 R (R iR A 2 S I S e 1 R A A
EXELL ISR, R EEN I BT @, B IR L R S AT & By R AT SRR SR s 7R A
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